


they developed two algorithms for temperature
prediction. However, detection tests could detect
non-existing anomalies with these usual types of
imputation techniques: the imputed data must not
generate false alarms. A tempting is to slice the time
series in order to keep only the ones without gaps
but it usually leads to shallow slices, shorten by the
initialization duration usually required by detection
tests testing dynamics.

One of the important objectives of this work is
to generate missing data without generating any
anomaly detections. Indeed, a detection is proof
of fault according to the first principle of diagnosis
(Najeh et al., 2018; Singh et al., 2019). Every error
in data imputation affects the diagnostic process. To
overcome this problem, the technique of imputing
missing data must be done under constraints in order
the behavior to look as normal, to have for instance
a pdf as close as possible to the pdf of available data.
The proposed work contributes at achieving this
goal by using an optimization algorithm to generate
relevant imputed data. It is going to be applied
to an office at Grenoble Institute of Technology in
France where the physical context of this mono-
zone building has been captured thanks to 23 sensors.

This paper is organized as follow. Section 2
describes the experimental testbed and the physical
model for building performance simulation. Section
3 presents the problem statement and the contri-
butions of this work. The proposed framework for
obtaining optimal imputed data using an optimisa-
tion algorithm is outlined in section 4 and section
5 analyses the simulation results for the case study
context. Finally, concluding remarks and future
works are given in section 6.

Description of the experimental testbed

The testbed is an office in Grenoble Institute of Tech-
nology, which accommodates a professor and 3 PhD
students. The office has frequent visitors with a lot
of meetings and presentations all through the week.
The setup for the sensor network includes (see figure

1):
e 2 video cameras for recording real occupancy and
activities.
e 2 luminosity sensors with different sensitivities

e 4 indoor temperature, for the office and the bor-
dering corridor

e 2 ('O4 concentration sensors for office and corri-
dor

e 1 relative humidity sensor

e 4 door and window contact sensors

e 1 motion detector

e 1 binaural microphone for acoustic recordings
e 5 power meters

e outdoor temperature, nebulousness, relative hu-
midity, wind speed and direction, . from
weather forecasting services

e a centralized database with a web-application for
retrieving raw data from different sources contin-
uously

Figure 1: Test bench

The physical knowledge model for building is needed
for the proposed solution. This section describes the
thermal and COs based air quality models of the of-
fice setting.

Thermal model

The physical model for predicting the inside temper-
ature for the office is the following. Equation 1 serves
as a model to predict the inside temperature. By ob-
serving the variables included in it, it is clear that the
indoor temperature is related to different phenomena
like outdoor temperature, corridor temperature, the
different sources of heat inside the office, and actions
that are taken by occupants regarding the position of
the door and the window.

R 1 1
mG\my PRy W
where
=
Ry—_ L @
P pai’r‘cp7airQD
1
Ry = —— — 3
v Paircp,airQW ( )
Qw(t) = QY + w(t)Qw (4)
Qp(t) =QF +<¢p(t)Qp (5)
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e R,, R, represent the resistance of the wall
between the room and respectively the corridor
and the outdoor

e R; and C; represent respectively the resistance
and the capacity of a fictive wall lumping the
whole inertia of the building in the reference
model

o T,, T;, and T,,: represent respectively the
temperatures of the neighbor corridor, the office
and outdoor.

e R, and R,,: represent the thermal resistances
of the wall separating the office respectively
from the corridor and outdoor.

e Rp and Ry represent respectively the thermal
resistances of the door and the window.

e (p and (y represent the opening rates of the
door and the window.

e R; and C; represent respectively the resistance
and the capacity of walls.

® ¢;, represents the internal thermal gains: solar
gains, gains of electrical devices and gains due

to the occupancy.

e (@p and Qw represent the air flows through the
door and the window

CO4 based air quality model

This work focuses on the CO5 based air quality and
uses the aeraulic model proposed in (Scanu, 2017).
The equivalent model of the office is represented by
Equation 6.

4Cin(t)

dt = 7(QW(t)+QD (t))cm (t) +Qw (t)cout

+ Qp(t)Ceor(t) + Scoan(t)  (6)

where

o (i, Cip and O,y represent respectively the
corridor, the office and the outdoor C'Oy con-
centration.

e V stands for the volume of the office.

e Sco2 represents the average production of COq
per person.

e n represents the number of occupants which is es-
timated using techniques from machine learning
Amayri (2017). In order to obtain ground truth
data for occupancy estimation algorithms, a real-
time application has been developed in the office
case study, with a laptop device, a well-designed
human-machine interface for interactive learning
application to be used by the end user in a very
easy way.

The differential equations are then gathered in a state
space model and time-discretized with a sampling
rate of lhour.

Problem formulation and followed methodology

The diagnostic result is calculated from a set of tests.
A detection test relies on several variables. When
performing diagnosis, all the data for a given time
period should be available. However, there are sev-
eral reasons why the data may be missing. Figure 2
shows the missing values for three different sensors in
the H358 office; a heater temperature sensor, a cor-
ridor temperature sensor and an indoor temperature
sensor. Some of the reasons for missing data are sen-
sor failures, problem of battery etc. Therefore, per-
forming diagnosis with detection tests is becoming a
challenge.

Detection of data gaps

datagTheater | X _ N L] —v -
* _ - _—
\)nm gaps
e
datasTcorridor 1 -_— N S ’s ‘ A -
~ 4
i \
datasToffice_wall -_— —-\ ,- - I I .
2016-01-01 2016-01-15 2016-02-01 2016-02-15 2016-03-01 2016-03-15 2016-04-01
datetimes

Figure 2: Detection of data gaps

Data Gaps (see Figure 2), which means an abnormal
change in the data delays sending by a sensor, are
easy to identify visually but it is not to define auto-
matically a relevant threshold for each measurement.
In Najeh et al. (2020), a three steps methodology is
proposed. The first step of the proposed methodol-
ogy discusses about what probability density function
to use with data analysis. The delay is a continuous
variable. It can correspond to one of the continu-
ous probability laws. The second step is to compare
the histogram representations of each of the adequate
laws and the third one is the calculation of the thresh-
old.
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A fundamental objective of this research work is to
generate imputed data neutral for diagnosis i.e never
generate false alarms. The imputed data should
satisfy the behavioral test constraints and preserve as
much as possible the statistical properties of the time
series. The proposed work contributes at achieving
this goal by using an evolutionary optimization
algorithm under constraints.

Let’s X = (x;;) € R"™P a dataset for n vari-
ables {X1,..., X;,} and p observations.

The vector = (1, ..., &) is the vector of n missing
values (x € F C § C R") with F the space of
feasible solutions of the problem and S the search
space. Constraints are functions that will restrict the
search space. If a solution z does not satisfy at least
one of the constraints, it is said infeasible solution,
unlike the feasible solution, which verify all the
constraints. The set of feasible solutions constitutes
the admissible domain of the research space of the
feasible space F.

(Michalewicz and Schoenauer, 1996) showed, each
of the evolutionary approaches under constraints
follows into one of the following categories: penalty
functions that degrade the result of the individual’s
assessment function when an individual does not
comply with the constraints, and methods based
on the search of feasible solutions. In this work,
the second category is adopted and a three steps
methodology is adopted.

Step 1: objective function

The optimization problem to solve has an objective
functions. Both objectives are described below.

1. Objective 1 is to have similar statistical proper-
ties between the available data and the same data
with imputed values.

Histograms are exploratory tools because they
reveal properties about the sample data. They
point out the distribution of a data set.
Histograms represent similarity between the part
of the available data and the part with imputed
data. Let A and I represent respectively two his-
tograms for the available part of data and the
data with imputed values. Let Ap; and Iy; rep-
resent respectively the number of bins per his-
togram bar.

The similarity consists on calculating also a dis-
tance dy (Equation 7), which corresponds to the
sum of the deviations on each histogram bar in
absolute value.

dy =Y |Ani — Inil (7)
k

2. Objective 2 is to have similar statistical proper-
ties between the pdf of the derivative of available

data and the corresponding data with imputed
values.

The similarity consists on calculating a dis-
tance do (Equation 7), which corresponds to the
sum of the deviations on each histogram bar in
absolute value for the derivative of available data
and the derivative of data with imputed values
respectively.

The imputed data must not cause sudden
variations in the derivative at the level of the
connections on the left and on the right between
the available part of the data and the imputed
data.

The objective is to minimize the difference between
the available data histogram and the histogram of the
time series with imputed data for each variable (i.e
dq) as well as to minimize the difference between the
histograms of the pdf of the derivative (i.e d3). mea-
sured variables and the estimated ones with imputed
data (AB;).

min dy(Tyout) + d1(Teor) + di(office power gains)+
da(Tout) + d2(Teor) + da(office power gains) (8)

Step 2: define the constraint

The constraint is to generate data neutral for diagno-
sis. The output must generate no detection of anoma-
lies on the data range where there are missing values
(i.e only on the data area with imputed values).

To see if the imputed data generates anomalies or not,
we calculate firstly the difference between the mea-
sured variable (for example indoor temperature) and
the estimated one using the physical model inputs
without imputed data. We determine then the upper
and the lower bounds of this difference (i.e thresh-
old) in fault free case. The number of non-detections
N,q corresponds to the number of times we overpass
the detection threshold. The goal is to obtain data
generating no detections of anomaly.

Step 3: constrainted optimization with Differ-
ential Evolution

The third step of the proposed methodology consists
to apply the differential evolution algorithm which
takes the objective function, the value domain of each
input variable and the constraints as minimum ar-
guments for the search of missing values. In this
work, differential evolution is used as an optimisation
method.
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The constrainted optimisation problem can be de-
scribed as follows: minimise

min dy (Tout) + d1(Teor) + di (office power gains)+
do(Tout) + d2(Teor) + da(office power gaints) (9)

subject to: hj(x) = 0, j = 1.0 where [ is the
number of constraints and h;(x) is the jth equality

constraint. In our case, only one constraint is
considered.
{Nnd =0 i.e no detections of anomaly} .

The parameters of the algorithm are described below:

e A key parameter in the algorithm is the “strat-
egy” argument that controls the type of differen-
tial evolution search that is performed. By de-
fault, this is set to “bestlbin”. It creates new
candidate solutions by selecting random solu-
tions from the population, subtracting one from
the other, and adding a scaled version of the dif-
ference to the best candidate solution in the pop-
ulation.

e The “popsize” argument controls the size or
number of candidate solutions that are main-
tained in the population. It is a factor of the
number of dimensions in candidate solutions and
by default, it is set to 15.

e The total number of iterations of the algorithm
is maintained by the “maxiter” argument and
defaults to 1,000.

e The “mutation” argument controls the number
of changes made to candidate solutions each iter-
ation. The amount of recombination is controlled
via the “recombination” argument, which is set
to 0.7 (70 percent of a given candidate solution)
by default.

e Finally, a local search is applied to the best can-
didate solution found at the end of the search.

Results for H358 office

This section validates experimentally the proposed
method. A period of validation of 1 month from July
1st, 2016 to July 31th, 2016 is chosen with 1 week of
missing data from July 07th to July 14th, 2016. Data
are missing during the same period for all variables.
In this section, we are first interested in the imputa-
tion of the variables involved in the thermal model of
building system (outdoor and corridor temperatures
and office power gains) then in the imputation of the
variables involved in the model of quality of air (corri-
dor C'O4 concentrations, door and window positions).

Imputation of thermal model inputs

To see if the imputed data generates anomalies or
not, we calculate the difference between the measured
indoor temperature and the temperature estimated
with physical model represented by Equation 1 using
inputs without and with imputed data. In fault free
case and without imputed data, the difference is
between -0.42 and 0.2. Figure 3 shows the evolution
of the difference between the measured temperature
and the temperature estimated by data with imputed
values using respectively an optimisation algorithm
without and with constraints.

Evolution of the ermor fllowing an optimization algorithm with constraints

. T
| |
00
) [ E— i
8 — upperlimit I
S _02{ — lower limit
\JU by !
0.4 I

o
followmg 2 optimization algorithm without constraints.

02

1~

00 | Detection of anomaly

-02

o1 A

o o 200 T 500 00 500 600 700
time(hours)

Zone with imputed values

Figure 3: Detection of anomalies after an imputation

Using an optimisation algorithm with constraint for
data imputation, we notice that the gap; between the
measured indoor temperature and the temperature
estimated by Equation 1 using inputs with imputed
data; has not exceeded the threshold (i.e the interval
[-0.4, 0.2]) and there is no detections of anomalies.
So, the constraint related to generating imputed
data neutral for diagnosis is satisfied. ~However,
we detect anomalies on the data imputed with an
unconstrained optimisation algorithm.

Performing repeatable optimisation processes is
an essential part of data imputation. A repeatability
optimisation test is an experiment performed to
evaluate how repeatable the results are under similar
conditions and to compare the performance of the
optimization algorithm in term of repeatability and
optimization time. Concerning the repeatability,
Figures 4 and 5 show the histogram representation
for available data and the same data with imputed
values respectively for corridor temperature and
outdoor temperature through the three optimization
experiments carried out.
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Figures 6 and 7 show respectively the histogram rep-
Histogram representation of the available data and time series with imputed data for corridor temperature X . i X
sameconinemene | TeSeNtation of the derivative of available data and the
ot ampranine wn it vauss
corresponding derivative of the same data with im-
puted values for office power gains and outdoor tem-
sasearsoemene | perature through the three optimization experiments
carried out.

% of data set in bin

% of data set in bin

20 2 24 26 28
5 lable corridor t l ) ) - ) ) )
< 100 avatable corridor femperature Histogram of the pdf of the derivative of available data and the corresponding time series with imputed data for office power gains
£ corridor temperature with imputed values
3 400 derivative of available office power gains.
£ 5 200 derivative of office power gains with imputed values (optimization 1)
2 N 200

20 2 24 2 28 100

corridor temperature o
400 200 [ 200 430

400 derivative of available office power gains.
derivative of office power gains with imputed values (optimization 2)

Figure 4: Histogram representation of the available
corridor temperature data and the corresponding data
with imputed values s,

~400 -200 [ 200 400

% of data set in bin
8

derivative of available office power gains.
derivative of office power gains with imputed values (optimization 3)

Histogram representation of the available data and time series with imputed data for outdoor temperature 0 -0 L 00
5 100 available outdoortemperature
5™ rersmemensmmmesiee ) Figure 6: Histogram representation of the derivative
S s0
e of avaz?ablfe office power gains and the corresponding
= ® 2 ® > ® data with imputed values
100 available outdoor temperature

outdoor temperature with imputed values
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5 100 available outdoor temperature
. outdoor temperature with imputed values Histogram representation of the pdf of the derivative of available data and the corresponding time series with imputed data for outdoor temperature
= 5 400 derivative of available outdoor temperature
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Figure 5: Histogram representation of the available
outdoor temperature data and the corresponding data
with tmputed values

derivative of available outdoor temperature
derivative of Tout with imputed values (optimization 2)

% of data set in bin
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derivative of available outdoor temperature
derivative of Tout with imputed values (optimization 3)

Table 1 shows respectively the distribution distance 0
for imputed values for outdoor temperature, corridor o ~ - - " -
temperature and office power gains through the three me—

optimization experiments carried out.

Figure 7: Histogram representation of the derivative
of available outdoor temperature and the correspond-

Table 1: Repeatability evaluation for three optimisa- ing data with imputed values

tion processes

variable Optimisat- | Optimisat- | Optimisat- |The distribution distance for the derivative of im-

ion 1 ion 2 ion 3 puted office power gains is determined by calculating

imputed Tpy; 0 0 0 the absolute difference between each histogram bin in

imputed T, 1.85 1.88 1.81 the derivative of available data and the corresponding

imputed office 0 0 0 histogram bin of the derivative of the same data with

power gains imputed values. It is null for office power gains data

across the three considered optimization processes.

The distribution distance for imputed outdoor tem- So, the proposed imputation algorithm preserve the

perature and corridor temperature is null across the statistical properties of the derivative of data with
three considered optimization processes. It is also imputed values.

very small (between 1.81 and 1.88) for imputed office
power gains. So, the proposed imputation algorithm
preserve the statistical properties of the data with
imputed values.

Proceedings of the 17th IBPSA Conference 2401
Bruges, Belgium, Sept. 1-3, 2021 https://doi.org/10.26868/25222708.2021.30198



13 SEPT i
BRUGES 1|

INTERNATIONAL
BUILDING
PERFORMANCE
SIMULATION
ASSOCIATION

Conclusion and future works

The proposed work aims at imputing missing data
that do not yield alarms while preserving as much as
possible the statistical properties of the time series
in order to extend the quantity of data useful for di-
agnosis purposes. The optimization problem to solve
has two objective functions which are the similarity of
statistical properties between the available data and
the same data with imputed values as well as the sim-
ilarity of statistical properties between the derivative
of the available data and the derivative of the same
data with imputed values. The differential evolution
is used as an optimization method. The proposed im-
putation algorithm shows its efficiency to preserve the
statistical properties of the data with imputed values.
Future investigations should extend the approach to
situations where missing data are little and numer-
ous; considering different types of detection tests like
parity relations, comparing pdf, statistical moments
(mean, standard deviation, ...).

An other interesting research direction consists in
transforming the optimisation algorithm under con-
straints into a problem without constraints by intro-
ducing into the objective function, a penalty func-
tion. The function to be optimized must not only
measure the value of the admissible solutions (i.e im-
puted data), but also penalize the unrealizable ones.
To define the penalty, a measure of a constraint viola-
tion could be used. The use of the constraint violation
measure in penalization helps to differentiate infeasi-
ble individuals. Thus, individuals with very high vi-
olation rates are penalized more than those with low
violations.
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